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Abstract: Synthetic Aperture Radar Tomography (TomoSAR) allows the reconstruction of the 3D
reflectivity of natural volume scatterers such as forests, thus providing an opportunity to infer
structure information in 3D. In this paper, the potential of TomoSAR data at L-band to monitor
temporal variations of forest structure is addressed using simulated and experimental datasets.
First, 3D reflectivity profiles were extracted by means of TomoSAR reconstruction based on a
Compressive Sensing (CS) approach. Next, two complementary indices for the description of
horizontal and vertical forest structure were defined and estimated by means of the distribution of
local maxima of the reconstructed reflectivity profiles. To assess the sensitivity and consistency of the
proposed methodology, variations of these indices for different types of forest changes in simulated
as well as in real scenarios were analyzed and assessed against different sources of reference data:
airborne Lidar measurements, high resolution optical images, and forest inventory data. The forest
structure maps obtained indicated the potential to distinguish between different forest stages and the
identification of different types of forest structure changes induced by logging, natural disturbance,
or forest management.
Keywords: synthetic aperture radar (SAR); tomography; forest structure; forest dynamics; horizontal
forest structure; vertical forest structure; L-band; compressive sensing
1. Introduction
Forests are three-dimensional (3D) ecosystems whose 3D structure is strongly affected by dynamic
processes such as growth, regeneration, decay and disturbance, and thus closely related to their
history, diversity, function, microclimate and yield [1]. Accordingly, 3D forest structure information
is important for understanding and modelling the succession, function and development of forest
ecosystems, and provides insight into ecological processes and forest dynamics. At the same time,
forest structure information is essential for the development of accurate forest biomass estimators
that are required to better understand and quantify the contribution of forest ecosystems to the global
carbon cycle [2–4].
Forest structure monitoring has traditionally been performed by inventory measurements that
provide accurate estimates of a number of (single) trees and stand parameters. However, inventory
measurements are demanding in time and resources so that they are usually performed at smaller
scales with rather low update rates. Given this, spaceborne Synthetic Aperture Radar (SAR) imaging
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configurations provide continuous forest mapping with global coverage at spatial and temporal
resolutions relevant to the detection of changes on the forests. This, combined with the fact that radar
signals—especially at lower frequencies—penetrate even dense forest canopies interacting with forest
structure components at different heights, make SAR an important element in the context of global
forest monitoring.
Indeed, in the last few years, a significant effort has been made to demonstrate and validate
the potential of conventional SAR configurations to reflect spatial biomass distribution by means of
SAR measurements [5]. The introduction of SAR interferometry was a critical step, as interferometric
measurements have an increased sensitivity to vertical structure elements of forest. Indeed, the use
of polarimetric interferometric measurements has allowed the model based estimation of vertical
forest structure parameters such as forest height [6–9]. In order to reconstruct more detailed vertical
distribution of scatterers, multi-baseline interferometric acquisitions have been used [10]. More recently,
tomographic acquisitions (TomoSAR), that can be seen as an extension of multi-baseline interferometric
acquisitions, have been used to reconstruct the 3D radar reflectivity of forests, to explore for mapping
3D forest structure, and to improve biomass estimators [11–16]. These activities were complemented
by a number of ground-based [17–20] and airborne SAR experiments [21] aiming to quantify the
impact of temporal decorrelation on the effect of weather and seasonal conditions on a temporal
series of TomoSAR data rather than to analyse forest structure dynamics [22–24]. The promising
results achieved initiated the implementation of TomoSAR acquisition modes in future spaceborne
SAR missions, such as Biomass [25] or Tandem-L [26], for mapping at a global scale structural forest
parameters and improving biomass estimations.
With respect to forest structure mapping, SAR configurations have a number of advantages
when compared to other remote sensing techniques. Compared to optical and hyperspectral imaging
configurations, SAR measurements provide significantly higher sensitivity to the vertical arrangement of
forest elements due to the ability to penetrate through the vegetation layer and interact with forest structure
components at different heights. Compared to Lidar configurations that allow accurate measurements of
vertical forest structure, SAR configurations have the advantage of a higher penetration ability through
clouds and into/through vegetation as well as in the realization of wide imaging swaths that allows large
and global scale coverage at high temporal resolutions.
Motivated by this, this paper explores the potential of L-band TomoSAR data to monitor forest
structure changes as induced by natural or anthropogenic disturbances such as logging, fire and
forest management. To do this, a methodology for characterising physical forest structure by means
of two descriptors that can be derived from TomoSAR data at L-band was used. First, a set of
simulated data from a process-based forest model was used to demonstrate the concept of the proposed
methodology. In a second step, real experimental datasets acquired over a temperate forest in the south
of Germany were employed to test the robustness and consistency of the forest structure estimation
methodology with respect to non-structural temporal changes in the forest, together with its sensitivity
to structural variations. For the validation of the achieved results, different sources of reference data,
including optical data, airborne Lidar measurements and forest inventory data, were used.
2. From Tomographic SAR Measurements to Forest Structure Estimation
Section 2.1 summarizes the principles of TomoSAR imaging for extracting vertical reflectivity
profiles from a set of images [10]. Section 2.2 describes the link between the extracted vertical reflectivity
profiles and physical forest structure.
2.1. Tomographic SAR Imaging
Provided that the frequency band employed is low enough to penetrate the canopy, multiple SAR
acquisitions over the same area with a slightly different incidence angle can allow a 3D reconstruction
of the forest reflectivity at a given frequency and polarization. In the following, we refer to the
resolution of the SAR images as SLC (single look complex) resolution in range and azimuth.
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In particular, the set of M SAR images define vector y:
y = [y1, y2, . . . , ym]. (1)
A scatterer at a given height z0 introduces a phase difference in the set of interferometric pairs of
the images in y. These phase differences define the so called steering vector at a given height z0 as:
a(z0) =
[
1, ejkz1z0 , ejkz2z0 , . . . , ejkznz0
]
, (2)
where kzi is the vertical wavenumber for the ith pair of images and is defined as follows:
kzi = − 4piB⊥iλ r sin(θ) , (3)
where λ is the wavelength; r is the distance to the scatterer; θ is the incidence angle; and B⊥i is the
orthogonal distance between two acquisitions. The maximum value of kzi gives the theoretical vertical
resolution, while the minimum gives the non-ambiguous height interval [10].
From Equation (1), the multi-image covariance matrix R can be defined as:
R = E
{
yyH
}
(4)
where E{} denotes the expectation; and ( )H the Hermitian or transpose conjugate operator. It should
be noted that the estimation of the expectation of a stochastic process requires several realizations
of that process, which is generally not available in real datasets. Therefore, the process is assumed
to be ergodic and E{} is approximated by spatial averaging. This spatial average or multilook
operation degrades the SLC resolution. We will refer to tomographic resolution to the one achieved
after multilook.
From the steering vector defined in Equation (2), the steering matrix φ is defined as:
φ = azaHz . (5)
Then, with Equations (4) and (5), the TomoSAR inversion problem can be expressed as [10,27]:
R = φT, (6)
where T is the reflectivity matrix whose number of rows equals the number of elements in height,
and its number of columns is the number of available polarimetric channels. Since the number of
measurements is usually lower than the number of scattering elements along the height, the system
in Equation (6) is underdetermined. Several tomographic algorithms, parametric or non-parametric,
can be applied to solve it and estimate the 3D radar reflectivity. Among the non-parametric
algorithms, Fourier beamforming is coherent, energy preserving, and does not require any a priori
assumptions. However, it achieves limited vertical resolution and is prone to ambiguities if the
number of baselines is low and/or they are irregularly distributed. With better vertical resolution
capabilities, Capon beamforming is currently the standard algorithm most widely employed in the
tomographic SAR community [28–30]. Aiming to achieve finer vertical resolutions, algorithms based
on Compressive Sensing (CS) techniques have been proposed to solve the underdetermined system in
Equation (6), and have been successfully applied to urban [31,32] and forest scenarios [33].
It should be noted that different inversion algorithms lead to different reconstructed reflectivity
profiles. Therefore, the ability to reflect forest structure variability is may be affected by the technique
employed in the inversion [34]. In this paper, vertical reflectivity profiles were obtained through an
algorithm based on CS [27], i.e., Equation (6) was solved by convex optimization as:
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min||α||2,1 s.t.
{
R = φW−1α
Tn is SDP ∀n , (7)
where T = W−1α, W is a wavelet projection matrix; α are the wavelet coefficients || ||2,1 stands for the
mixed l2,1 norm; and SDP indicates semi-definite positiveness. With this, matrix T contains for every
pixel in range and azimuth a reflectivity profile representing the distribution of scatters along height.
2.2. Forest Structure Estimation
In the following, 3D forest structure is understood as the vertical and horizontal arrangement
of trees and/or tree elements in space. It is a critical parameter in forest ecology inherently
related to ecological processes, forest stand dynamics and forest management practices [35,36].
Furthermore, it is an indicator of biodiversity, disturbance, growth and yield [1]. Despite the difficulties
in finding an appropriate characterization for forest structure for a wide range of applications, spatial
scales and forest types, it is commonly assumed that two essential aspects of forest structure are the
heterogeneity in the position and size of the trees within a stand. Based on this, a systematic framework
for the discrimination of ecologically significant structure classes has recently been suggested [37,38],
which proposes two complementary measures: one for the horizontal, and one for the vertical structure.
In the literature, different measures have been proposed for the estimation of horizontal and vertical
forest structure from field data [39–44]. In the following the horizontal structure HS f ield as the standard
density index from [44] is used:
HS f ield = N
(
25
dg
)−1.605
, (8)
where N is the number of trees per hectare; and dg is the mean diameter at breast height. Regarding the
estimation of vertical structure VS f ield, the standard deviation of individual tree heights Hi is used:
VS f ield = std(Hi). (9)
Essentially, the horizontal structure index mainly reflects the density of the tallest trees in the
unit area considered, while the vertical structure index accounts for the diversity of tree heights.
Therefore, according to its structural complexity, a forest stand can be classified in a horizontal/vertical
plane (HV plane in the following) as shown in Figure 1.
Figure 1. Horizontal/vertical structure plane proposed for forest structure classification.
Particular airborne SAR techniques such as multi-aspect TomoSAR [45] or holographic SAR [46]
can reach higher resolutions and allow the estimation of individual tree profiles. However, this paper
is focused on conventional spaceborne acquisitions at low frequencies. In this case, the achievable
resolutions do not allow discriminating between individual trees and extracting single-tree parameters.
Therefore, any individual-based measure such as HS f ield and VS f ield in Equations (8) and (9), cannot
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be directly estimated from the SAR data used in this paper and instead, indirect correspondences
need to be explored to reflect forest structure. In this sense, the presence of a group of trees of
similar height is reflected in the reflectivity profiles as a number of peaks (i.e., the maxima of
the reconstructed vertical reflectivity profiles) in the range of heights occupied by the canopy [47].
Accordingly, the characterization of forest structure by means of the 3D distribution of peaks in a
statistical way appears sensible [34]. Following the characterization of structure from the field data,
two complementary indices of structure were estimated from the 3D distribution of reflectivity peaks,
one for the horizontal and one for the vertical structure.
Therefore, as a first step, the peaks for every reflectivity profile in the range and azimuth
were extracted from the radar reflectivity representing the distribution of scatters along height T.
Then, A three-dimensional (range, azimuth, height) matrix B is the defined with ones at the position
of every peak. From this matrix, the horizontal and vertical indicators were estimated.
The horizontal structure descriptor HS is related to the density of peaks in the upper layer of
the forest for a given unit structure window. This upper layer was defined as the range of heights
from Hlimit to Hmax, where Hmax is defined as the height of the highest peak and Hlimit is equal to
0.6 Hmax or 5 m, when 60% of the maximum height was lower than 5. As an example, Figure 2 shows
the peaks obtained from the reflectivity profile and the green dots represent the peaks in the top layer.
The horizontal descriptor was then estimated for every pixel i, j in the image as the total number
of peaks in the upper layer in the unit window centered on that pixel, divided by the area of this
unit window:
HSi,j =
∑ni=0∑
n
j=0∑
Hmax
k=Hlimit
Bi,j,k
A
, (10)
where n represents the size of the unit structure window (50 m × 50 m); the sub-index k represents
the height dimension; and A is the area in square meters of the unit structure window. It is worth
mentioning that independent of the resolution of the SLC images, the peaks of matrix B were projected
in a grid of 1 m × 1 m before counting the number of peaks in the unit structure window. This allows
us to normalize the number of peaks when systems at different resolutions were employed.
Once the horizontal descriptor is computed for every pixel in the image, HS for the whole image
is normalized as:
HSnorm = 1− HSmax(HS) , (11)
where max(HS) represents the maximum in the image, or in the set of images to be compared.
Regarding the vertical structure descriptor VS, a mask of 5 m (empirically set) was first applied
to avoid peaks produced by the ground (red peak in Figure 2). Then, the vertical descriptor is defined
for every pixel i, j in the image as:
VSi,j =∑Rr=1
(
Si − S
)2, (12)
where S is a vector with the heights at which at least one peak is found in the unit structure window;
R is the length of S; and S represents the mean of vector S. For example, if in a given area the heights in
meters of the peaks are [30, 25, 25, 10, 10, 10, 8, 2] then S = [30, 25, 10, 8] and R = 4. Finally, the vertical
descriptor is normalized by its maximum within the image (or within the set of images that are
going to be compared). It is worth mentioning that since the vertical structure index is reflected by
the dispersion of the heights of the peaks, it is not significantly affected by changes in the vertical
resolution of the system employed. It should be mentioned that similar measures can be found in the
literature for waveform Lidar [48,49].
Furthermore, it is important to note here that system and, even more so, seasonal or environmental
variability of the forest may affect the tomographic reflectivity and impact the estimation of structure
indices. However, the location of the reflectivity peaks appears to be significantly more robust against
system and environmental variability than other profile parameters [37]. This is the reason why the
estimation of the structure indices relies only on the position of the peaks and ignores absolute or even
relative intensity information.
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The main steps to obtain the horizontal and vertical forest structure descriptors using multibaseline
SAR measurements are shown in Figure 2.
Figure 2. Steps to estimate forest structure using multibaseline Synthetic Aperture Radar
(SAR) measurements.
3. Simulated Data
The proposed methodology was first applied on a set of simulated data. The data were generated
in two steps. First, an individual-based forest model was used to generate the distribution of trees
within stands for different forest conditions. Second, the multi-image covariance matrix was estimated
for a set of vertical wavenumbers at a given spatial resolution. Both steps are described below.
3.1. The Forest Model
Forest-gap models are well-established tools used to investigate forest dynamics, and are able
to account for processes such as growth, mortality and regeneration on the tree level, and thus
able to simulate a wide range of different forest structure types [50,51]. In this study, FORMIND,
an individual and process-based forest gap model designed especially for tropical and temperate
forests was used. A detailed description of the model can be found in [52,53] where an African tropical
forest parametrization was used for forest succession over 500 years on a scale of 100 hectares [54].
The advantage of employing complex tropical forest scenes in simulations is that they show higher
complexity, mainly in the vertical structure, which allows for a better assessment of the effect of the
different processes.
Six different scenarios were simulated and investigated. For each of them, FORMIND generated
the full tree list including position, stem diameter and height for each individual tree. The normalized
distribution of tree heights for each of the six scenarios is shown in Figure 3.
The first three scenarios represent three different stages from the long term forest evolution:
• The young forest represents an undisturbed early-succession forest at an age of 50 years
(see Figure 4a). The majority of trees have heights between 10–18 m. The sharp mode at the height
of 18 m is partly due to the fixed height-to-stem diameter relationship used by the forest model.
• The mature forest corresponds to an undisturbed old growth forest in a mature state that has
reached 500 years of simulation time (see Figure 4b). The higher spread of the forest height
distribution (see Figure 3a) reflects the higher structural heterogeneity when compared to the
young forest.
• The forest after a fire event represents a forest 10 years after a fire event (which occurred in
the year 490). For each tree, a (fire) survival rate is estimated depending on tree size and
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species-specific fire tolerance [52], which leads to a very heterogeneous forest landscape after
the fire that consists of disturbed and undisturbed forest patches (see Figure 4c). The tree
height distribution is now less uniform (see Figure 3a), and the number of tall trees is very
low with respect to the number of trees below 20 m, as only a few old trees survived the fire.
Moreover, in the 10 years after the fire, a dense homogeneous layer of young trees of around 15 m
tall has grown beneath.
The latter three scenarios represent three different disturbance types of the mature forest:
• Logging 1 corresponds to firewood removal or “thinning from below”: all trees below 20 m are
logged (see Figure 5b). The effect of cutting all trees below a certain threshold is clearly visible in
the tree height distribution shown in Figure 3b.
• Logging 2 is an example of diseased trees or “free thinning” where 60% of the trees (independent
on their height) are randomly removed, as represented in Figure 5c. When 60% of the trees
are randomly removed, the tree height distribution is also affected (see Figure 3b), as the more
frequent heights are proportionally more penalized by the action.
• Logging 3 is the selective logging of big trees or “thinning from above” case, where 50% of the trees
above 25 m are cut, as shown in Figure 5d [55]. The distribution of tree heights varies, as shown
in Figure 3b.
Figure 3. Distribution of heights for the simulated forest scenarios: (a) three scenarios derived from a
young forest stand, after long term changes; and (b) three scenarios derived after performing a logging
action on a mature forest.
Figure 4. Representation of simulated forest: (a) young forest: example of undisturbed forest after
50 years; (b) mature forest: example of undisturbed forest after 500 years; and (c) mature forest 10 years
after a fire event.
Remote Sens. 2017, 9, 1229 8 of 22
Figure 5. Representation of simulated forest for logging actions: (a) mature undisturbed forest;
(b) Logging 1: example of firewood removal or thinning from below; (c) Logging 2: example of diseased
trees or free thinning; and (d) Logging 3: example of selective logging of big trees or thinning from above.
3.2. From Simulated Forest Stands to Reflectivity Profiles
Starting from the single tree parameters, vertical reflectivity profiles were simulated. This was
implemented in a very pragmatic and simple way as the objective of this task was to demonstrate the
underlying principle rather than to assess a given performance. Given the simplifications in the forest
simulations and the modelling of the 3D radar reflectivity, the results shown in this section provide a
first consistency test, but do not pretend to constitute on their own a sufficient quantitative assessment
of the proposed methodology.
The individual steps are described below and the flowchart is shown in Figure 6.
Figure 6. Flowchart of the simulation of vertical reflectivity profiles from forest stands simulated
by FORMIND.
First, for every tree in the list, the distribution of biomass Btree(z) was estimated, taking into
account the height of the tree as well as the diameter of its crown and stem. In the model, the tree
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canopies were assumed to be spherical and the stems cylinders for all trees. With this, the volume
at each vertical slice at 0.5 m was computed to obtain the biomass from the volume, and different
allometric equations were employed for the trunk, the crown, and tree species, using different wood
densities. Once the vertical profile of the biomass for every tree was estimated, the scene was gridded to
a given spatial resolution in range and azimuth. In the results below, a spatial resolution of 10 × 10 m
was assumed. For each grid cell, the individual contributions of the different trees within the cell were
added before applying an extinction factor σ:
Bpixel(z) = e−σ(Maximum height−z)∑tree Btree(z). (13)
In the results shown in this paper, the extinction was set to 0.05 m−1. Neither interactions
between the trees nor polarimetric diversity were accounted. Once the number and distribution of
wavenumbers kzi was set, the elements of the multi-image covariance matrix Rkzi were obtained as:
Rkzi =∑z Bpixel(z)ejkziz. (14)
Ten baselines were considered with kz equally distributed between 0.05 and 0.4 [rad/m] and a
spatial multilook of 5 × 5 px was employed for the estimation of the covariance matrix. No temporal
decorrelation effects were taken into account. The reflectivity profiles T were reconstructed from Rkzi ,
as discussed in Section 2.1.
It is worth noting that, despite much higher densities of shorter trees, tall trees produced
significantly higher values of power density in the reconstructed vertical reflectivity profiles. This was
not only due to the larger volume of taller trees, but was also a result of the applied attenuation that
blurred the presence of shorter trees in the reconstructed 3D reflectivity.
3.3. Results and Discussion
From the retrieved reflectivity profiles, the peaks were extracted and finally, the horizontal and
vertical structure indices were estimated as per Equations (10)–(12). The density distribution of the
obtained indices on the HV plane are shown in Figure 7.
Figure 7. Density distribution of the horizontal and vertical descriptors: (a) long-term simulations
presented in Figure 4; and (b) logging activities presented in Figure 5.
Figure 7a shows the density distribution of the loci of the horizontal and vertical structure indices
in the HV plane for the first three scenarios; the white dots indicate the location of the most frequent
value in the histogram. The three scenarios can be clearly distinguished from each other. The structure
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complexity increased significantly in the evolution from young to mature forest (500 years later).
The increase in the vertical complexity was predominant and was reflected by an increase of the
vertical structure index. At the same time, the transition from a dense layer of younger trees to a less
dense mature forest was also reflected by an increase of the horizontal structure index.
The mature forest 10 years after the major fire event significantly decreased the vertical structure as
most of the younger trees had a similar height of around 15 m, and only a few (old) tall trees remained.
As these tall trees were scattered across the stand, they increased the horizontal heterogeneity that is
reflected by the increase of the horizontal structure index.
Figure 7b shows the density distribution of the loci of the horizontal and vertical structure indices
in the HV plane for the three disturbance scenarios; the white dots indicate the location of the maximum
density of each distribution. All three logging scenarios could be clearly distinguished from each other
and from the undisturbed forest cases. The different ways that trees are removed induce different
changes in the HV plane. For each change, the point cloud was translated to a different position in
the plane. In the case of Logging 1, removing trees selectively to their height had a noticeable effect
on the vertical structure complexity, which was reflected by a decrease in the vertical structure index
(with respect to the undisturbed case). In the case of Logging 2, the random thinning increased the
horizontal structure index (associated to a decrease of forest density) combined with a significant
decrease of the vertical index; reflecting the fact that given the uneven original distribution of tree
heights, the random logging affected more trees with a more frequent range of heights (in this case,
the lower ones with heights below 20 m). Finally, when a number of tall trees with heights above a
given threshold were removed, as in the case of Logging 3, the presence of lower trees was enhanced,
thus leading to an increase in the vertical structure index.
4. Forest Structure Dynamics on a Real Scenario
4.1. Description of the Test Site
After the tests were performed using simulated data, the proposed approach was applied on
real SAR data. To achieve this, we used three quad polarimetric multibaseline datasets acquired
by DLR’s (German Aerospace Center) airborne SAR system [56,57] in a repeat pass interferometric
mode over the same forest in 2008, 2012 and 2016. The forest selected is located in Traunstein in the
south-eastern part of Germany and constitutes a managed forest in a temperate climate, with coniferous,
deciduous and mixed stands. Due to the close-to-nature forest management approach, the forest stands
are heterogeneous in terms of structure and species richness. Figure 8 shows a stand classification
of development stages based on field inventory data. Five major stages were identified in this
classification [58]. First, the young stage in this test site (represented in dark blue in Figure 8) is mainly
constituted by stands of young trees with low density. The stands in the growth stage (represented in
light blue) are fast-growing, constituted mainly by a dense layer of short trees. It should be noted
that although the polygons were classified as growth stage, they show a high variability and in most
of them, a few scattered tall trees still remain above the short trees. The mature stage in this forest
(represented in green) is formed by tall trees that are densely and homogeneously distributed. In the
transition stage (represented in orange), small trees grew under older taller trees where the older tall
trees are significantly denser than in the growth stage. Finally, stands in the plenter stage (represented
in red) have a high variety of tree heights. This plenterwald is the most noticeable feature in terms of
structure in the forest under study, and is the result of decades of management practices aimed at
boosting structure.
In terms of structure, the early stand stages, namely the young and the growth stages, refer to the
low structural complexity describing the succession from established transition until the cumulation
of growth. Increasing structural complexity is characteristic of the transition, particularly for the
plenter stage, with the highest structural complexity. Regarding the mature stage stands in Traunstein,
despite their age they exhibited a low complexity since most of the trees are of similar height.
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Figure 8. (a) Classification of the test site according to different development stages. Representation of
trees distribution at the different development stages: (b) young; (c) growth; (d) mature; (e) transition;
and (f) plenterwald.
4.2. Radar Data
As mentioned above, three multibaseline datasets at the L-band were acquired over the Traunstein
area in a repeat pass interferometric mode. It should be noted that, besides taking place under different
weather and seasonal conditions (as detailed in Table 1), different viewing geometries, resolutions and
baseline distributions were employed for the different acquisitions. Since each of the tomographic
sets was acquired by the same sensor and in the same day (separated only by minutes), system or
environmental variability can be ignored within each of the sets. The three tomographic sets were then
processed and calibrated (geometrically and radiometrically) to the same standards.
Table 1. Main parameters of the multibaseline L-band dataset over the Traunstein forest.
Time System
Side
Looking Tracks kz Distribution
1 Height of
Ambiguity 2
Resolution
Vertical 2 Range 3 Azimuth 3
06/2008 E-SAR Left 5 −0.12, −0.07, 0, 0.03, 0.15 210 m 23 m 2.12 m 1.2 m
11/2012 F-SAR Right 6 −0.12, 0, 0.03, 0.04, 0.16, 0.31 209 m 15 m 1.28 m 0.6 m
06/2016 F-SAR Right 5 −0.15, −0.04, 0, 0.06, 0.15 157 m 20 m 1.28 m 0.6 m
1 At the center of the SAR image; 2 theoretical values for beamforming approach; and 3 single look complex
(SLC) resolution.
4.3. Reference Data
To assess the validity of the results obtained, several sources of reference data were used. Their main
specifications are summarized in Table 2. On the one hand, high resolution aerial optical images (2009,
2012) as well as airborne Lidar data (2008 and 2012) were available. On the other hand, in situ data
acquired on the basis of inventory plots were considered. These sampled the area under study following
a 100 m grid, recording at each grid node the most relevant trees inside a circular area of around 12.5 m
radius. Not all trees were reported in the inventory plot, depending on their diameter at breast height and
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their distance to the center of the plot [58,59]. It is worth mentioning that this scale is too small to allow a
direct comparison on a local scale with the estimates from radar data obtained at a scale of 50 m× 50 m.
This set of inventory plots was employed to estimate the main development stages at different
polygons previously determined and obtain the reference map shown in Figure 8. It should be noted
that the polygons were defined following organizational divisions and not according to uniformity
of forest type. Furthermore, the polygons included roads, paths, and other man-made targets that
introduced important alterations of the estimated structure from the remote sensing data in the form
of local discontinuities. Even if local, these discontinuities incurred significant variations that had a
non-negligible effect on the structures averaged over the polygons.
Therefore, forest stands inside the predefined polygons were subject to high variability and this
introduced uncertainties when averaging the estimated structures over the polygons.
Table 2. Main specifications of the different sources of reference data available in this study.
Source Dates Resolution Coverage
Aerial optical image 2009, 2012 0.2 m Dense
Lidar 1 2008, 2012 1 m Dense
In situ data 2009 12.5 m Sparse
1 This is the spatial resolution of the canopy height model derived from the point clouds of Lidar returns.
4.4. Results and Discussion
Following the proposed methodology, maps of horizontal and vertical structure were generated
for 2008, 2012 and 2016, at a scale of 50 m × 50 m. First, the values of HS and VS were averaged over
the polygons, classifying the stands in the five development stages shown in Figure 8, the results of which
are shown in Figure 9. Figure 10 reflects how the mean values of horizontal and vertical structure for
the five different polygons considered were distributed in the HV plane and how they varied across the
three datasets.
Figure 9. Horizontal and vertical forest structure in Traunstein averaged over the five predefined
polygons, representing different growth stages. Horizontal structure in: (a) 2008; (b) 2012; and (c) 2016.
Vertical structure in: (d) 2008; (e) 2012; and (f) 2016.
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Figure 10. Distribution of the mean estimated structure in the horizontal/vertical (HV) plane for
five polygons defined in Figure 8 at different development stages, and its temporal evolution between
2008 and 2016.
First, it was observed that the five development stages were characterized by different signatures
in terms of structure and structure changes. They appeared at different positions in the HV plane and
their evolution in this space across the three acquisitions was also different in terms of the magnitude
and direction of the vectors representing the variations in structure. The complexity of the different
development stages (introduced in Section 4.1) was effectively reflected through the vertical index.
The forests at young, growth, and mature stages had low values in contrast to the transition and the
plenter stages, whose complexity was reflected by significantly higher values. The horizontal index
varies from 0.3 for the dense mature forest to 0.9 for the sparse young forest reflecting the difference in
the density of the highest trees in each polygon.
Comparing the estimated structure indices for 2008, 2012 and 2016, it was seen that in general,
they did not change significantly, given the range of variability within each stage except for the
transition and the growth stands. These two types of forest were the ones most altered by the forest
management practices and, therefore, were more dynamic in terms of structure change in such a
relatively short time span. It was interesting to observe for these two stages the different direction of
the vectors representing the variation in the values of the structure indices between 2008 and 2016.
For the transition stand with an initial vertical high value and low horizontal structure value, the value
of the horizontal index increased from 2008 to 2012, and further still in 2016. On the contrary, for the
growth stage, the horizontal index decreased from 2008 to 2016.
However, to gauge the significance of these previous results, it should be observed that the high
variability inside polygons produced by the way they were defined (already discussed in Section 4.1),
resulted in a high dispersion of the indices around the mean values for the different stages represented
in Figure 10. Furthermore, the variations in structure, essentially due to forest management actions,
took place only locally and affected less than 10% of the area considered. This fact reduced the
significance of the estimated structure changes when they were averaged over the polygons. The extent
of the changes in the area were evaluated from differences in the maps of Lidar heights from 2008
and 2012 given that the changes were only due to forest management actions and, as a consequence,
they necessarily produced a change in the height of the forest at high resolution. Figure 11 shows
the map of Lidar heights in 2008 (see Figure 11a), in 2012 (see Figure 11b), and the map of absolute
differences (see Figure 11c). In the latter, it was observed that most of the area remained undisturbed
(represented in dark blue) and changes (represented in other colors) occurred only locally.
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Figure 11. Map of Lidar height over the test site: (a) 2008; (b) 2012; and (c) the height difference between
2008 and 2012.
Similarly, the local extent of the variations in the forest structure was also observed in the maps
generated from the TomoSAR data (see Figure 12). The main patterns in both the horizontal and vertical
estimated structures were analogous, and significant variations occurred only locally. To compare the
match between the intensity and location of logging action—as identified from the height variations
with the Lidar measurements and by the changes in the maps of forest structure estimated from
TomoSAR—two classes were defined (change and no change) both for the Lidar and TomoSAR maps.
In particular, for the TomoSAR dataset, we extracted the map of change in horizontal (or vertical) forest
structure by direct subtraction of horizontal (or vertical) forest structure estimated from the TomoSAR
data in 2008 and 2012. We then estimated a single map of structure change by aggregating the changes
in the horizontal and the vertical dimensions. To define the classes, a threshold was applied to keep
only the most significant variations (the threshold was empirically set to 0.3 in the examples provided
in this Section). Regarding the Lidar dataset, a map of change was also similarly estimated by applying
a threshold (empirically to forest height differences greater than 10 m) to the map of height differences
in Figure 11c. The two maps of forest change obtained from the TomoSAR data and the Lidar height
were superimposed and are shown in Figure 13.
It was observed that both sources highlight the same areas as more affected by changes between
2008 and 2012. Regarding the discrepancies, the differences in the extension and orientation of the area
affected by changes were mainly due to the different resolutions and geometries of the two sources.
Both sources provided the same class in 92% of the cases.
In the forest structure estimated from the TomoSAR data, four cases were distinguished by
considering the direction of the variation (horizontal or vertical):
- no change was identified either in the horizontal or in the vertical estimated structure;
- horizontal structure varied whereas vertical structure remained stable;
- vertical structure varied whereas horizontal structure remained stable;
- both horizontal and vertical structures varied simultaneously.
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Figure 12. Forest structure maps estimated from TomoSAR. Horizontal structure in: (a) 2008; (b) 2012;
and (c) 2016. Vertical structure in: (d) 2008; (e) 2012; and (f) 2016.
Figure 13. Map of forest change as identified from Lidar height and from forest structure estimated
from TomoSAR data at the L-band.
Results are shown in Figure 14. As already discussed in Section 3.3, different types of forest
management action led to different directions of displacement of the loci of the values of horizontal and
vertical structure in the HV plane: some changes were mostly noticeable as a variation in the horizontal
structure (light blue areas in Figure 14), whereas others mainly affected the estimated vertical structure
(yellow areas in Figure 14). To further assess the sensitivity of the proposed methodology to identify
the type of forest structure change, two examples were considered in the following sub-sections:
one for the horizontal structure change (highlighted by a black circle in Figures 12 and 14), and one for
the vertical (highlighted by a grey circle in Figures 12 and 14).
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Figure 14. Map of forest change as identified from forest structure estimated from TomoSAR data at
the L-band and discriminating between horizontal and vertical structure variations.
4.4.1. First Example of Local Forest Structure Change in the Area under Study
The first example considered is a transition stand where between 2008 and 2012 a number of
trees were logged, independent of their height, resulting in a clearing of a small area depicted in
Figure 15d,e, and noticeable in the optical images (see Figure 15a,b). It should be noted that, even if
less representative, other logging actions of different types occurred during this period and in the area
considered. For example, it was observed (in the parts highlighted by white circles) that a few tall trees
were removed, leaving the shorter trees below.
Figure 15. Main type of forest logging in the area considered in the first example of forest change.
Optical images of the area in: (a) 2009; (b) 2012; and (c) a histogram of Lidar heights in the area
considered in the first example of forest change in 2008 and 2012. Representation of local tree
distributions (d) before; and (e) after logging.
This type of logging, where trees are removed independently of their height, reduces the density
of the highest trees, while the distribution of trees according to their height before and after the action
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remains essentially preserved. Figure 15c shows the histograms of Lidar heights within the plot in 2008
and 2012. This can be used as a proxy of tree-height frequency distribution for the stand. For accurate
interpretation, it is worth noting that the height was estimated from the first Lidar return associated to
the highest elements of the canopy. When these tall trees were removed, the vegetation below became
apparent, which produced an increase in the number of samples at smaller heights. Bearing this in mind,
the histograms reflect the reduction of a significant number of tall trees between 25–40 m that resulted
in a flattening of the histogram, but the effect is rather small. In terms of structure, the logging action
considered in the first example essentially produced a change mainly in the horizontal dimension, given
that the density of trees in the top layer was significantly reduced. Regarding the vertical structure,
it exhibited only a slight increase as the distribution of heights of the remaining trees was only slightly
altered. This was reflected in the maps of the estimated forest structure, as shown in the area highlighted
by a black circle in Figure 12, as well as in the representation of the evolution of structure indices in this
area in the HV plane (see Figure 16). In Figure 16, the vector representing the variation in the values of
the structure indices between 2008 and 2016 reflected an important increase in the horizontal direction.
This increased the significance of the changes as estimated by the structure indices. Finally, it is worth
mentioning that the results shown in this Section for this example of logging were consistent with the
results obtained in Section 3.3 for the simulated scenario where a number of trees were removed randomly
independent of their height (Logging 2).
4.4.2. Second Example of Local Forest Structure Change in the Area under Study
In the second example, a number of tall trees were logged in a transition stand, leaving shorter
trees mainly undisturbed. This can be observed in the optical images, particularly in the shadows of
the tall trees on the road crossing the stand (see Figure 17a,b). As in the first example, it should be
noted that other logging actions of different types have occurred in this area in the period considered.
For example, a local clearing can be clearly observed (highlighted by a white circle).
In this case, the number of tall trees decreased; but, in contrast with the previous example, since the
shorter trees were not removed the distribution of tree height was modified. Accordingly, Figure 17c
shows the histograms of Lidar heights in 2008 and 2012 indicating a significant reduction in the
tree heights ranging between 25–40 m, where at the same time there was a noticeable increase
in the tree heights between 5–15 m: the presence of two modes was significantly enhanced.
Consequently, this type of logging increased the vertical heterogeneity and hence the vertical structure
index, as shown in Figure 16. Horizontal structure increased as long as some trees in the top layer were
still preserved. This was also implied in the forest structure maps shown in Figure 12, and in the HV
plane in Figure 16 by the difference in the direction of the structure change vector in the two examples
considered. This result is consistent with the results obtained for the simulated scenario, defined as
Logging 3, in Section 3.3.
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Figure 16. Evolution of the estimated structure for the two examples of local areas considered from
2008 to 2016.
Figure 17. Main type of forest logging in the area considered in the second example of forest change.
Optical images of the area in: (a) 2009; (b) 2012; and (c) the histogram of Lidar heights in the area
considered in the second example of forest change in 2008 and 2012. Representation of local tree
distribution (d) before; and (e) after logging.
5. Conclusions
In this paper, a methodology to detect and interpret forest structure changes using
L-band tomographic SAR acquisitions was proposed and tested. The link between the L-band
tomographic-reconstructed 3D forest reflectivity, which may depend on acquisition and instrument
parameters, and the physical forest structure was established by using a recently introduced 2D
(i.e., horizontal and vertical) structure characterization concept [37,38]. Accordingly, a pair of vertical
and horizontal structure indices was defined derived from the 3D distribution of the peaks of the
reconstructed reflectivity function [34]. It was then possible to represent different forest structure
conditions on a two-dimensional HV structure plane defined by these two indices. In this sense,
different changes in forest structure can be represented on the HV structure plane by vectors with
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different directions and magnitudes. The length of the vector was associated to the extent (or amount)
of structure change, while its direction represented the change in the distribution of trees occurring
depending on their height.
The sensitivity and consistency of the proposed structure indices to natural or anthropogenic
variations in forest structure was tested on simulated as well as real experimental data. The application
of the proposed methodology on simulated data—despite the simplifications in the derivation of the
3D reflectivity from the FORMIND simulations—allowed us to demonstrate the underlying principle
for a large diversity of forest structure scenarios. Furthermore, it was shown that changes in forest
structure caused either by natural (undisturbed) forest evolution, or by disturbances such as a fire
event or different logging scenarios, impacted in different ways on the horizontal and vertical forest
structure, and that these changes were projected into the two proposed structure indices.
The proposed methodology was then applied to three sets of tomographic L-band data acquired
over the same temperate forest (Traunstein) in 2008, 2012 and 2016 with the aim of validating its ability
to detect structural changes occurring in the time between the acquisitions. During this time, the main
changes in the site were triggered by natural evolution as well as forest management in terms of
logging selected trees and the opening of paths at local scales. For the interpretation and validation of
the achieved results, different sources of reference data were available: airborne Lidar measurements,
high resolution optical images, and forest inventory data. The results clearly showed that even
subtle changes in the vertical as well as horizontal structure of the individual stands were reflected
in the 3D L-band reflectivity, and thus in the derived horizontal and/or vertical structure indices.
The obtained forest structure maps were comparable and consistent; between them, they exhibited
similar global behavior and the differences occurred only locally, as expected and confirmed by
the reference data. Local changes were distinctly identified as variations in the estimated structure
descriptors; and, consistent with the simulated scenarios, logging of different natures led to different
directions of the change vectors on the HV structure plane, even by using data acquired by two different
SAR sensors (E-SAR in 2008, and F-SAR in 2012 and 2016) with different viewing geometries, different
spatial resolutions, and different spatial track distributions. It was then verified, at the L-band, that the
fact that the definition of the two structure indices relied only on the 3D location of the reflectivity
peaks made them more robust against variations in the shape of the reflectivity profiles induced by
non-structural variability, as long as the main scattering contributions associated with the reflectivity
peaks did not change their location.
A drawback in the estimation of forest structure and forest structure changes in real scenarios
through statistical measures like the ones employed in this paper is the non-uniformity of the stands
that induces border effects. These discontinuities might be caused by the presence of contributions not
due to vegetation, such as a road, path, or other man-made targets, but also by structure distributions
changing rapidly in space. The extent of the variations introduced by these discontinuities in the
forest structure indices was partly determined by the scale of the structure unit window employed.
However, the dimensions of this window were difficult to set optimally with no a priori information,
since this is site-dependent. Furthermore, a compromise exists between spatial resolution and accuracy
of the indices, besides other considerations on system resolution. The effect of scale in the indices will
be further addressed in future studies.
Finally, it should be pointed out that a critical point in forest studies with real data is validation.
In this paper, field inventory data, Lidar measurements, and high resolution optical images were
extensively cross-checked. However, as discussed and justified, the usability of the available field data
for quantitative validation was insufficient. Other scenarios with field information at larger scales that
are more compatible with remote sensing studies are available, but the temporal series of multibaseline
SAR data have yet to be acquired.
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